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Abstract
The number of COVID-19 cases has been continuously increasing worldwide since the
beginning of 2020. A lot of efforts have been made in identifying, predicting, and mitigating this
deadly virus infection. This requires gaining insight into large collections of the related data,
which are multivariate in nature involving many variables/attributes. Here we develop a parallel
coordinates system to visualize the COVID-19 data in an interactive manner considering all
variables, including location and time. The challenges with this approach include mapping many
variables of different types (parallel axes) and occlusion associated with highly cluttered data
lines. We adopt several functionalities to make our parallel coordinates plot useful, such as twolevel axes representation, axes reordering and scaling, data filtering, highlighting, and brushing.
A detailed visualization of COVID-19 data reveals several interesting features. For instance,
hard-hit countries, including USA and India, had gone through 2 or 4 episodes (waves) of virus
infection as shown by large daily new cases followed by high daily deaths in two or three weeks.
Such temporal trend is not clear in some other countries, including Brazil. Furthermore,
correlations between the vaccination and the infection do not consistently imply a positive
impact of the vaccination over time. Other factors, such as social interaction, under-vaccination,
and adaptive spreading nature of the virus seem to play role in the continued high level of
COVID-19 infection worldwide.
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Chapter 1. INTRODUCTION
1.1. Visualization
Visualization is one of the popular techniques to represent, understand, or communicate
any set of data, objects, or situation. In simple language, visualization is a process of transferring
data/information to a computer image, graph, or any plot – delivering data in a visual context.
With today’s growing amounts of data from various sources, it is helpful to have a visual
summary of datasets rather than a manual reading of thousands of rows and columns. The
benefits of visualization are to identify the frequency, relation, patterns, and trends between
independent data variables. There are many visualization tools available of which a few common
ones are charts, tables, graphs, maps, dashboards, plots. These tools vary according to the way
data are being modelled (from simple to complex). We can identify six types of visualization:
1D/linear,2D/planar, 3D/volumetric, temporal, nD/multidimensional, tree/hierarchy, and network
(Zoss, 2020).
1.2. Multivariate Data Visualization
Multivariate (high-dimensional) visualization is an nD/multidimensional graphical
rendering of datasets that have more than three variables. In visual display, each variable is
presented by a vertical axis and points are presented as a connected line across multiple axes. A
dataset with k variables plotted as a connect line joining k points, one point on every axis line
(Figure 1). Multivariate data analysis provides an easier understanding of all variables property
than studying every single variable.
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Figure 1. Parallel coordinates representation of five variables

There are various ways to visualize multivariate data using multiple techniques, such as
scatterplot matrix, parallel coordinates, star plot, Andrew curves, spider chart, box and whisker
plot, a heat map. In this study, we focus on an effective way to manage and read large-scale
COVID-19 data. Our aim is to reduce the cluttering in the display by adopting one of the popular
visualization techniques called parallel coordinates plot.
1.3. Parallel Coordinates Plot
The parallel coordinates technique introduced by (Inselberg 2009; Inselberg 1997) is
widely used to visualize multivariate data with minimal information loss. The parallel
coordinates plot contains k evenly spaced vertical lines referred to as parallel axes (one axis per
variable) in data set consisting of k variables/dimensions. Each data item/record is displayed as a
single polyline running from left to right in a mapped high-dimensional space, so the plot
contains as many polylines as the number of data items. The plot is generally found to be highly
effective in visually detecting patterns and outliers in the data and analyzing correlations among
variables (Heinrich, 2013; Lu, 2016; Kaur & Karki, 2019). The data lines connecting successive
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pairs of axes show a relationship between the variables. For instance, parallel data lines between
two axes imply a positive correlation whereas crossing data lines imply a negative correlation.

Figure 2. Example of parallel coordinates plot

Figure 2 shows a parallel coordinates plot of the dataset which contains seven variables,
namely random, x, -x, x^, ax, x+b , and 1/x (Parallel Coordinates, 2020). We can reveal a lot of
information by looking at this plot. The parallel lines between two variables (x^, ax) display a
positive relationship. There is a crossing of data lines between variables x and -x, which implies a
negative relationship. The variables random and x have a few crossing lines and a few parallel
lines so we can say that they don’t have any relationship.
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Chapter 2. MOTIVATION
2.1. Background
COVID-19 is an illness caused by a virus called coronavirus (SARS-COV-2), which was
first detected on December 31 of 2019 in Wuhan, China (R., et al., 2020). A lot of research has
been conducted to analyse and understand various aspects of the pandemic (e.g., Choli & Kuss,
2021; Fauci et al. 2020; Wu & McGoogan, 2020). Even after understanding the nature of the
virus to a great extent, millions of people around the world are still getting infected. An
encouraging success is that scientists have already discovered the COVID-19 vaccine, and
millions of people have also been vaccinated. Unfortunately, the disease is still spreading with
multiple variants such as the delta causing high daily infection rates in different parts of the
world, perhaps because majority of the world population is yet to be vaccinated (e.g.,
Khubchandani, et al., 2021; Nguyen, et al., 2020).
2.2. Statement of Problem
Large amounts of data about COVID-19 infection have been collected worldwide over the
last almost two years. They involve many variables or factors, thus making the data multivariate
in nature. It is important to gain insights from this dataset regarding what factors have
contributed either causally or in correlation, to the rising and falling waves of coronavirus
infections. Parallel coordinates-based visualization is not trivial when the dimensionality and size
of the data are large, mainly because of over-drawing of the corresponding axes and data lines in
a limited screen space. The cluttered drawing causes a serious occlusion problem thereby hiding
useful information in the plot.
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2.3. Overview
Parallel coordinates visualization of the entire COVID-19 data is overwhelming and time
consuming as expected. To explore the data at different levels of details, the plot needs to be
further enhanced. While many features have been previously considered to different extents, here
we adopt some of them in a way to enable meaningful COVID-19 data visualization. For
instance, we display a subset of data on a new derived axis for classification purpose for
categorical variables and use color map to separate data lines among different groups. Filtering
with respective to one or more variables helps us explore the data in desired value ranges in a
multidimensional space. We rescale the selected axes to extend the clutter regions, that is, to
support zooming on per axis basis. Moreover, the plot can be appended with a data table in
combination with browsing function to allow highlighting and direct reading of individual data
values.
In this thesis, we visualize the COVID-19 dataset by enhancing the parallel coordinates
plot with different techniques. The dataset consists of as many as 60 variables (Novotny &
Hauser, 2006) which are mapped as parallel axes and all data items are then rendered with
respect to these variables to obtain an overall view of the data. However, here we mainly focus
on detailed visualization with respect to about one dozen selected variables, which are
considered of high importance and interest. The COVID-19 data continue to increase as they are
collected on daily basis and per country basis worldwide. It is difficult to read such massive data
in a tabular form or a standard graphical display. To support an interactive visualization of
multivariate COVID-19 data, we adopt the parallel coordinates technique by supporting several
useful features and operations.
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2.4. Related Work
Many dashboards displaying COVID-19 data have been developed since the coronavirus
outbreak. Some popular platforms are Johns Hopkins dashboard
(https://coronavirus.jhu.edu/map.html), Our World in Data (https://ourworldindata.org), and
WHO dashboard (https://covid19.who.int), which mostly use interactive stacked bar charts and
color code geographic maps. The Johns Hopkins dashboard supports a plethora of plots to
compare two different variables. In Tableau, one can compare and visualize variables, such as
new cases, total cases, new deaths, vaccine rates, tests, etc. according to country and time series
(https://www.tableau.com/covid-19-coronavirus-data-resources). However, one key feature
lacking in these dashboards is a plot which renders the data with respect to all variables at the
same time. It is important to render multivariate data with respect to all important variables
together in the same display in an interactive manner.
Parallel coordinates plot is a popular technique for multivariate data visualization
(Heinrich, 2013) (Johansson & Forsell, 2016). New studies continue to report ways of improving
this technique and its application to large multivariate datasets. A continuing challenge is in
reducing data clutter and analyzing overcrowded plots. A standard plot with thousands of data
lines is too complicated to read and it may be even intimidating. Examples are the parallel
coordinates visualization of nutrition data (Chang, 2020) and census data (Stephen, 2006).

Figure 3. Parallel coordinates plot of nutrition data
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Although (Chang, 2020) implemented the brushing and filter technique, this nutrition
parallel plot is difficult to read (Figure 3). The presence of data clusters makes in the plot makes
the data reading difficult. Chang’s findings focus on collective features and effects on the
parallel coordinates instead of looking at the individual lines. The other example is census data
by (Stephen, 2006). Both case studies have applied the brushing and filter techniques to simplify
the display to identify patterns in the data lines.
Many studies have focused on reducing the number of data lines and interactive selection of
important data, even displaying them on a separate viewport (Fua, Ward, & Rundensteiner,
1999; Ericson, 2005; Chang, 2020). Another way of improving parallel coordinates plot is axes
management, which involves dimension reduction, axes reordering and spacing, hierarchical
mapping (Ferdoshi & Roerdink, 2011; Fu Lu, Huang, & Zhang, 2016 ; Kaur & Karki, 2019).

2.5. Thesis Organization
This thesis is organized in the following way. Chapter 1 provides an introduction of
visualization, multivariate data visualization, and the concept of parallel coordinates plot.
Chapter 2 presents a brief background, statement of problem and overview of the intended
research followed by the related visualization work. Then in Chapter 3 we have given the details
of the data processing and web-based implementation. Chapter 4 explains various functionalities
that are applied on parallel coordinate plot to enhance visualization techniques. Chapter 5
describes the analysis of proposed approaches; the results and findings of our COVID-19 data
visualization. Finally, the thesis ends with conclusions and challenges needing additional work.
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Chapter 3. DATA AND IMPLEMENTATION
3.1. Data and Pre-processing
We have used the data from opensource ourworldindata.org
(https://ourworldindata.org/coronavirussource-data) which are updated daily. The dataset used
for visualization contains around 60 variables/attributes of which the majority are of numerical
type (Esteban, et al., 2020). There are altogether 218 countries in our datasets. The tool to copy
data directly is MS Excel. The technique used is to copy-paste the report from the
OurWorldInData website (OurWorldInData, 2020). We show the data variables in Table 1 and
CSV file format in Table2.
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Table 1. Description of variables

Description of Variables
Variable name
Country
Location
Total cases
New cases
Total deaths
New deaths
Fully vaccinated
Total Booster
Total vaccination
Population
Total case per million
New case per million
New case smoothed per million
Total deaths per million
New deaths per million
New deaths smoothed per million
Reproduction rate
ICU patients
ICU patients per million
Hospital patients
Hospital patients per million
Weekly ICU admissions
Weekly ICU admissions per million
Weekly hospital admission
Weekly hospital admission per million
New tests
Total tests
Total tests per million
Total test per thousand
New tests smoothed
New test smoothed per thousand
Positive Rate
Test per case
Test units
Half vaccinated
New vaccinations
New vaccination smoothed per million
Total vaccination per hundred
Half vaccinated per hundred
Fully vaccinated per hundred
Total vaccination per hundred
New vaccination smoothed per million
Strigency Index
Population density
Median age
Age 65 old
Age 70 old
GDP per capital
extreme poverty
Cardiovascular death rate
Diabetes prevelance
Female Smokers
Male Smokers
Handwashing facilities
Hospitals beds per thousand
Human development index
Life Expectancy
ISO Code
Continent
Date

Abbreviation
Con
Loc
TC
NC
TD
ND
FV
TB
TV
pop
TCM
NCM
NCSM
TDM
NDM
NDSM
R
IP
IPM
HP
HPM
WIA
WIM
WHA
WHAPM
NT
TT
TTM
TTPT
NTS
NTST
PR
T_C
TU
HV
NV
NVS
TVH
HVH
FVH
TBH
NVM
SI
PD
MA
A65
A70
GDP
EP
CR
DP
FS
MS
HF
HBT
HDI
LE
IC
Con
Date

Type
Categorical
Categorical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Categorical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Categorical
Categorical
Date

Max Range
26 alpbahet
217 countries
41M
414K
660K
92K
970M
10M
2148M
1444M
208K
9K
3K
6K
215
63
5
29K
192
133K
2K
4K
279
116K
3K
4M
537M
14K
326
3M
91
1
50K
0
1095M
25M
22M
235
118
117
33
117K
100
21K
48
27
18
117K
78
724
31
44
78
100
14
1
87
0
0
0
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Min Range
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Range
26 alpbahet
217 countries
0 to 40955201
0 to 414188
0 to 659970
0 to 92291
0 to 969720000
0 to 9906933
0 to 2148120000
0 to 1444216102
0 to 208199.373
0 to 8620.69
0 to 3385.473
0 to 5958.258
0 to 215.334
0 to 63.007
0 to 5.17
0 to 28889
0 to 192.269
0 to 133210
0 to 1544.082
0 to 4002.456
0 to 279.224
0 to 116325
0 to 2656.911
0 to 3740296
0 to 536925419
0 to 13583.373
0 to 325.76
0 to 3080396
0 to 90.849
0 to 1
0 to 50000
0 to 0
0 to 1095000000
0 to 24741000
0 to 22424286
0 to 234.83
0 to 118.09
0 to 116.74
0 to 32.66
0 to 117497
0 to 100
0 to 20546.766
0 to 48.2
0 to 27.049
0 to 18.493
0 to 116935.6
0 to 77.6
0 to 724.417
0 to 30.53
0 to 44
0 to 78.1
0 to 100
0 to 13.8
0 to 0.957
0 to 86.75
6
0

Table 2. CSV Format

3.2. Web-based Implementation
Our COVID-19 data visualization system was implemented as a web-based application.
The base code made available by (Chang, 2020) in GitHub (github.com/syntagmatic/parallel
coordinates) was adopted for the implementation of parallel coordinates technique. Our d3-based
implementation uses CSV (Comma Separated Values) file format for efficient space usage and
fast processing.
When one dozen variables were considered, our visualization system takes one minute or
longer to render all data values. The rendering time drops to a couple of seconds to visualize data
at per country or date level which means that our visualization system is interactive in a practical
sense.
10

Chapter 4. ENHANCING PARALLEL COORDINATES PLOT
Parallel coordinates display of the entire COVID-19 dataset is overcrowded with so many
overlapping lines drawn (Figure 4). It is almost impossible to see individual axes and track data
lines. For instance, we cannot easily identify the country which has the highest numbers of
COVID-19 cases. Nevertheless, some useful information can be still extracted regarding the data
themselves and the shortcomings of the display which itself needing improvement. For most
variables, the data are concentrated in lows-value range and the data lines tend to show parallel
or crossing relationships between successive adjacent axes (Figure 4). It is often helpful to
separate the data with color into groups (Parallel Coordinates, 2020). For instance, we display
three most populated countries with three different colors: USA (blue), India (red), and China
(green) as shown in Figure 5.
We can achieve some level of information. By tracking blue data lines in the uppermost
region of the display (Figure 5), we can see that USA has the highest numbers of total cases (TC)
and total deaths (TD). The lines are clear and parallel in topmost part indicating increase in cases
and increase in deaths. Green lines are at the top of FV (fully vaccinated people) indicating that
China has the highest number of people vaccinated. Red lines at the top of NC (new cases)
reveals that new cases is highest in India, and a single red line with high ND (new deaths) value
says that there is an outlier in new death axis. Several data items show up as outliers with respect
to one or more variables by taking high values. The tick marks are not shown because of a high
degree of visual clutter. Complete data visualization as shown in Figure 4 and 5 is not very
effective because it takes long time (several minutes) to render all data and to subsequently
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interact with the display. Even when a subset of data is selected for single country or date, the
processing time is long taking several seconds.
Because of complex nature and massive size of the COVD-19 data, we first process the
original dataset to make it amenable to effective visualization. First, it makes sense to consider a
subset of variables that are of high importance and add to the plot any other variables (one or two
at a time) as needed. Our processed dataset consists of one dozen variables which include
location date, population, total cases, new cases, total deaths, new deaths, total tests, half- and
fully vaccinated, and total boosters (Figure 6). A small dataset containing a few variables can be
analyzed easily with tables or simple plots. Here we still deal with thousands of multivariate data
items. The effectiveness of any multivariate data visualization also depends on visualization size
and interactivity features (Novotny & Hauser, 2006). We adopt the parallel coordinates plot
considering many features and operations which help us improve the interactivity and reduce the
visual clutter.

Figure 4. Entire COVID-19 dataset uploaded to the visualization system
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Figure 5. Parallel coordinates plot with color mapping

4.1. Two-level Axis Mapping
Location and date variables are visually mixed up in a very complex manner as the data are
collected for every country every day worldwide. In general, this means that the data concerning
all other variables vary according to both location and date and it is not easy to discern
interesting patterns and interaxial correlations. To manage these two variables in better way, we
consider a two-level axis mapping approach. For location variable, we group country names
starting with the same alphabet together and introduce a new country variable. For date variable,
we put all dates/days in a month together and introduce a new month variable. These new
variables are mapped as primary axes in the plot to render the space and time aspect of the data
(the first and last axes in Figure 6). Both location and date are treated as secondary variables and
do not appear in the plot initially. Each of them is added to the plot as a new sub axis when an
entry is selected on the corresponding primary axis. For instance, the U alphabet on the country
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axis represents all seven country names starting with U. A click on the U adds the location subaxis to the plot with country names shown, including USA (Figure 7, left). Similarly, an entry on
the month axis includes multiple lines equal to the number of dates falling in the corresponding
month and these dates are explicitly shown on a date sub-axis in the plot (Figure 7, right). A
point function allows us to enable/disable the display of the sub-axes. Our two-level axis
approach is useful in exploring the variable with many categorical values. We can track the data
lines from each entry on the country or month axis and then from an individual country or
specific date to examine relationships among the remaining variables without too much mix-u

Figure 6. Parallel coordinates plot of COVID-19 data with 11 variables.
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Figure 7. Two-level axis mapping for location and date variables.

4.2. Axes Management
Because of many variables mapped to the plot, we consider several operations to
effectively manage the corresponding parallel axes. A new axis for a given variable can be added
to the plot or an existing axis can be removed from the plot so that we can visualize data with
respect to a desired set of variables. With this add/delete option, we can keep the total number of
axes on the plot around one dozen. For instance, we can focus on a few most important variables,
including location, new cases, new death, vaccination, and date to elucidate how vaccination is
doing for specific countries during last few months.
Judging the relationship between any two variables becomes easiest when the
corresponding axes are adjacent to each other. This requires re-positioning the concerned axes,
which can be done by dragging the axis name to a desired location in a horizontal direction left
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or right. The flipping axis functionality allows us to read the data and discern interaxial
correlations in two ways. Double-clicking the name of the axis reverses the order of data values
on the axis. The overall data distribution on a given variable may be non-uniform and span a
wide value range. This means that data lines are densely spaced in certain parts of the
corresponding axis whereas they are sparsely spaced in other parts. When an axis filter is applied
in a highly dense area, the filtered data lines remain confined to narrow range on the concerned
axis. It is useful to extend this range to cover the entire axis length.

4.3. Filtering
Visualizing large dataset often involves interactively selecting and visualizing a subset of
data at a time. Filtering is enabled by clicking on and dragging the mouse along one axis upward
or downward. The filter is extendable to the length of the axis. Our system supports multi-filter
option in which filters on two or more axes are activated at the same time by successively
clicking and dragging the filter on each of the concerned axes. A filter is removed by clicking the
axis. We can also filter data lines by pinching and extending a line in space between two axes.
4.3.1. Single Filter

In a single filter, we use the filter on only one variable. For applying a single filter, we
click the axes with the mouse pointer drag it and place it in any region (Figure 8). One filter on
new cases makes it clear that highest covid-19 cases are from the U alphabet countries. The
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second highest cases are from the I alphabet countries, and the third-highest cases are from the
countries with the B alphabet. To remove the filter, we click anywhere in the axes.

Figure 8. Single filter on total cases axis

If we apply the filter on the new cases axis, it becomes easier to display the numerical
values of some important variables (Figure 8). For example, the country with the U alphabet has
more than 40,000,000 total cases, more than 30,000 new cases, and more than 600,000 total
deaths. We can also visualize how new cases and new deaths are correlated. It is clear that the
daily case count and new death count were high in Oct 2020 -Jan 2021 and Aug-Sep 2021 for
USA. In India, new cases were above 400,000 and daily cases were high in Sep-Oct 2020 and
May-July 2021. There is an outlier in new deaths for India (Figure 8).

4.3.2. Multiple Filters

Our visualization system supports a double filter technique. In the multiple filter
technique, we can apply filters on two or more different axes at the same time. For applying this
filter, we click and drag the filter on each axis. We remove the filter by clicking the same axis
anywhere.
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As shown in Figure 9, the blue lines represent the U alphabet countries. If we apply the
filter on the country variable and the new deaths variable, the double filter helps us track the data
lines more clearly. We can see three virus waves in the United States: daily deaths count spiked
during April-May 2020, Nov 2020-Feb 2021, and Sep-Oct 2021.

Figure 9. Filter on country and new deaths axes

Applying filter on the location and month axes (Figure 10), we can compare the COVID19 scenarios between United States and United Kingdom at different times (December 2020,
Jan-Feb 2021). The data are spread in new deaths axis meaning lots of cross relation between
new cases and new deaths. Total deaths and total cases have positive relation. Beside this, fully
vaccinated and total tests have a positive relationship. For the United States, new cases reached
300,000 with more than 4000 deaths. For United Kingdom, there is no full vaccination recorded
and that may be the reason for higher deaths.
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Figure 10. Filters on location and month axes

4.3.3. Highlighting and Brushing

Highlighting line is enabled with a mouse hover event. Highlighting a line fades out the
other lines in the plot to show them in the background. A combined highlighting and brushing
scheme help read and compare the selected data line. We brush the data by selecting data from
the data table below the display area. It is easier to read numerical values after highlights.
Brushing is highly effective in analysing a parallel coordinates plot (Roobert, 2020). If we select
a specific axis and click the grid table, the table shows the data of the filtered country (Figure
11). For example, the outlier in new deaths axis is from country Nepal. In February of 2021,
daily deaths count in Nepal was 619, the highest total deaths count was 2684, the total cases
were 273760, the new cases were 94. Moreover, Nepal did not seem to have any vaccination till
February 2021.
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Figure 11. Highlighting a specific data line fading out other

4.3.4. Rescaling

Rescaling is enabled by dragging the mouse along one axis upward or downward then
clicking rescale button. The first filter is extendable to the entire length of the axis. Rescaling the
new deaths axis as shown in Figure 12, the top three countries with the highest deaths are USA,
India, and Brazil. We can also see the months in which the cases were high. In the case of the
USA, the number of active cases count was high during December 2020 - January 2021, then
again in September 2021. We can be more specific about the dates in each month from the date
axis. For example, in the month of December 2020, deaths spiked on Dec 16, 29, and 30.
Similarly, the highest number of deaths in Brazil was during the month of March-April 2021. We
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can also identify the relationship between the axes and predict the data's nature.

Figure 12. Rescaling parallel coordinates axis
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Chapter 5. ANALYSIS AND FINDINGS

We demonstrate that COVID-19 data can be visualized in an effective way using the
parallel coordinates system which supports many interactive and data filtering functions. Our
initial parallel coordinates plot (Figure 5 and 6) is visually overwhelming, but it still provides a
good overview of the COVID-19 pandemic and serves as a basis for our exploring how different
aspects of the virus infection in different countries have evolved with time. The data lines
emanating from the A-Z alphabets on the country axis have different spreads on different axes
and they can be tracked with color pattern. Except new cases and new deaths, all other virusrelated variables are a non-decreasing function of time so the data lines corresponding to a later
date intersect the corresponding axes at higher positions. As such, the data lines for each country
implicitly follow the time order with respect to these variables (low to high end of the
corresponding axes).
We find that cumulative numbers of the coronavirus cases and resulting deaths continue to
increase with time as expected but at different rates for different countries. For example, USA
has the data lines (blue) extending to the high end of both total cases and total deaths axes
implying that it is a worst-hit country in the world. The data lines from other most populated
countries including India and Indonesia (red) and Brazil (purple) are also well spread out on both
axes indicating their high infection level compared to the rest of the world. Interestingly, the data
lines (green) are confined close to the low end of most axes for China (the most populated
country) because their data are not available except early 2020.
There are a few easily identifiable features. The number of daily deaths was unusually high
exceeding 7000 on a particular date (a red line appears as an outlier), which is April 5 of 2021
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for India as confirmed by applying filter on new deaths axis. India also had the highest daily
infection rate, which exceeded 400000 cases on several days around that time (red lines
intersecting new cases axis in the uppermost part). Two green data lines passing through the
uppermost part of fully vaccinated axis tell us that around 1 billion people have already been
vaccinated in China far exceeding India and USA (red and blue lines still lying below 200
million). It is interesting to note that a few countries other than USA (no blue lines seem to
intersect the total booster’s axis) have already started booster shots. Filtering country using the
location sub-axis reveals that Israel (red lines) and Turkey (orange lines) are the current leaders
in booster shots with 2.5 and 9 million doses so far administered. According to Washington Post
(2020), after USA, India, France, Turkey has the highest number of coronavirus cases.

5.1. Temporal Variation of COVID-19
We can study the COVID scenario according to time frame and compare different
variables. For example, using a single filter on the month axis we can see that during early
months of the infection (from January to March of 2020) the daily cases and deaths counts were
below than 10,000 and 1000, respectively (Figure 13). In March 2020, the worst affected
countries were Italy, Spain, and USA. This also represented a first wave of the virus infection.
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Figure 13. Beginning of COVID-19 pandemic

In Figure 14, using multiple filters on the month, new cases, and new deaths axes; the daily
case count from April to July of 2020 was below 10,000, but the active death count raised above
2000. The red lines in the month axis show that after June 2020, cases in India spiked. However,
the death rate was high in the United States. Later in November 2020, active cases in the United
States raised enormously the daily cases and new deaths reached nearly 30,000 and 4000
respectively. During April-July 2020 period, the worst affected countries were India, USA, and
Brazil. During Nov 2020 -Dec 2021 period, the worst affected countries were USA, Brazil, and
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France. Figure 14 shows that new cases and daily deaths in the United States were rising rapidly
and daily deaths in Brazil were also above 1000. But the active case count in India was still low
in the beginning of the year 2021.

Figure 14. COVID-19 infection during April-July 2020 and Nov 2020-Feb202

In Figure 15, the new cases count reached above 300,000 and the new deaths count
exceeded 4,000. There is an outlier from India in the new deaths’ axis; otherwise, the United
States seems to have the highest number of deaths.
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Figure 15. COVID-19 infection during July – September 2021.

Applying a double filter on new cases and new deaths axes (Figure 16), India saw the most
daily infections and deaths in April and May of 2021. The infection and death rates spiked in
USA in December of 2020 and January of 2021 and then again in August and September of
2021. Some studies have provided plausible explanation for these spikes of the coronavirus.
According to BBC, the COVID wave in USA was linked to Thanksgiving and Christmas
(Horton, 2020) whereas the COVID wave in India was linked to Kumbh festival (Khare, 2021).
Both scenarios suggest the higher the social interaction, the higher the infection risk. Increased
social activity can be used to explain the exacerbated COVID spikes in many locations after or
during the summer of 2021. The Swiss info posted that there were six times more positive cases
in the summer compared to the pre-vacation time (Nolfi, 2021).
5.2. Geographical Variation of COVID-19
It is interesting to explore how COVID-19 infection behaves over the period of almost two
years for individual countries. As shown in Figure 16, the data lines for USA are well extended
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over the axis length for most variables. Total cases and total deaths axes are fully covered, and
the data lines remain mostly parallel between the axes. As the infection rate increased with time,
more and more people were dying. In the display, the data lines are closely packed when daily
new cases and daily new deaths are low. The spacing becomes wider when the daily counts
become high. Alternating pattern of dense and sparse regions on total cases and total deaths axes
and in the interaxial space clearly suggests that there are multiple episodes of high infection.
Starting from the bottom (that correspond to early dates), we can identify four sparse regions
separated by three dense regions on and between the two axes. They imply that USA suffered
from four waves of COVID-19 infection. The first wave came at the beginning of the pandemic
(March 2020) and the fourth wave has appeared lately and is still active (starting August of
2021).

Figure 16. Parallel coordinates plot of COVID-19 data for USA
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A careful look at the plot reveals an interesting feature that each sparse region extends
more to higher value on total deaths axis than on total cases axis. Correspondingly, dense
packing of data lines appears on total cases axis at lower values than on total deaths axis. Higher
positions of data lines on each axis correspond to later dates. We thus see a time lag between a
spike in infection rate and a spike in death rate. By further exploring each local sparse or dense
region and counting data lines, we infer the time lag to be about 3 weeks. This means that death
rate becomes large in about 3 weeks after increased infection. Comparison between the
individual plots of new cases versus time and new deaths versus time confirms a three-weak time
gap between high infection level and the resulting high death count. A plausible expansion is that
COVID-19 virus takes a few weeks to make an infected person seriously sick ultimately
resulting in his/her death.
India saw two episodes of high COVID-19 infection (Figure 17 and 18). Its first wave
appeared in September-October of 2020 which was after two high infection periods of USA.
The second wave appeared from April-June of 2021 after the third wave of USA and represents
the worst time of the pandemic with daily infection and deaths counts exceeding 400,000 and
4,000, respectively.
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Figure 17. Parallel coordinates plot of COVID-19 data for India
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Figure 18. Parallel Coordinate plot displaying India after rescaling

Brazil is one of the most coronavirus affected countries (Leonardo SL Bastos, 2021). In
Figure 19, studying total cases and total deaths axes, Brazil appears to have two waves of
COVID-19 infection, but they are not as pronounced as in the case of USA and India. We note
that both the infection and death rates remained relatively high throughout the pandemic. In
Figure 20, we can further see the months with highest number of COVID-19 cases. Using filter
in new cases, we find that brazil had the highest active cases, i.e., more than 100,000 during
March-April 2021.
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Figure 19. Parallel coordinates plot of COVID-19 data for Brazil

Figure 20. Months with highest number of COVID-19 cases in Brazil
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Figure 21. Parallel coordinates plot for China

The country with the highest population (China) has a very few numbers of covid-19 data.
Although the fully vaccinated and half vaccinated are shown as outliers, the exact scenario is
impossible to predict without the availability of full public data.

5.3. Impact of Vaccination
Vaccinations became available after January 2021. The infection and death rates in USA
were declining from March to June of 2021. During this period, the number of vaccinated people
was increasing rapidly. It seems that the vaccination was helping suppress the spreading of the
disease. After June, the daily case and death counts started to rise again and have lately become
high (corresponding to the fourth wave as discussed earlier) despite a high-level of vaccination.
So, it is not clear whether the vaccination has been making a clear positive impact. Different
scenarios are worth mentioning here. It may be that the current vaccines are not very effective
for the new delta variant, at least, a good fraction of vaccinated people have been infected and
some have become seriously sick and even died. One may argue that the overall infection has
never declined sufficiently low at any time thereby overwhelming any positive impact the

32

vaccination could make. More importantly, a significant fraction (at least one third) of American
population are yet to be vaccinated (the total vaccination count is still below 200 million whereas
the total population is 330 million population) and children under the age of 12 years are not
vaccinated at all. It is common for people to travel a lot for vacations and social events during
the summer break.

Figure 20. Impact of early vaccination on COVID-19 pandemic in USA
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Figure 21. Impact of vaccination on COVID-19 pandemic in USA during two time periods: January-May and AugustSeptember of 2021.

India was hit worst when vaccination started there in April of 2021 (Wikimedia, 2020).Data
lines seem mostly running parallel between the new cases and fully vaccinated axes. Also, the
daily death count was rising despite increased vaccination during April and May. An obvious
reason is that Indian people received their first shots, and the total vaccination count was low
then. It was too soon to assess the impact of vaccination. Now many Indians (close to 200
million) are fully vaccinated, and the daily infection and death rates dropped considerably and
continued to remain relatively low. It appears that the vaccination has been working there.
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Figure 22. Impact of vaccination on COVID-19 pandemic in India

.
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Chapter 6. CONCLUSIONS

We demonstrate the use of parallel coordinates technique to visualize massive amount of
multivariate COVID-19 data, which continue to grow. Data grouping for location and date
variables helps analyse geographical and temporal factors. This reduces the number of data lines
to be rendered per group level (e.g., on monthly basis) and improves the interactivity. The
parallel coordinates plot was enhanced with several functions, such as data filtering, axes
reordering and rescaling, and highlighting to support an exploratory visualization.
In future, we plan to enhance the COVID-19 data visualization using causal inference to
identify factors causally responsible for the rising and falling infection waves. The lessons drawn
can be used to better handle the future of this pandemic as well as those that come in the future.
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